Comparative analysis of epigenomes offers new opportunities to understand cellular differentiation, mutation effects and disease processes. But the scale and heterogeneity of epigenetic data present numerous computational challenges.
M any layers of epigenomic information are being mapped using methods based on high-throughput sequencing and microarrays, but thus far, integrative analysis of epigenomic data has been limited by the relatively few types of cells that have been assayed [1] [2] [3] [4] . The most recent achievement in this area is computational inference of chromatin states 5 defined by combinations of histone marks. New initiatives 6 , enabled by high-throughput sequencing-based assays, aim to systematically sample many diverse cell types. In addition, falling costs for DNA sequencing are making it feasible to conduct smaller-scale projects focused on specific diseases. This denser sampling of the space of epigenomic variation by large and small projects alike should provide unprecedented opportunities for discovery by comparative analysis of epigenomes.
Unlike DNA sequence, however, epigenomic data are not digital. Furthermore, epigenomes may be measured at several levels of resolution, from the 1-base-pair (bp) resolution of DNA methylation detected by whole-genome bisulfite sequencing to >100-bp-resolution maps of histone marks or of methylation measured via methylated DNA immunoprecipitation and high-throughput sequencing (MeDIP-seq) 7 . In addition, epigenomic signals may be spread throughout the genome and may not necessarily be associated with any specific genomic element. Epigenomic information may vary between cell types, between individuals and even between cells of the same type in a population. It may also be influenced by many molecular processes, including transcriptional regulation, splicing, and DNA recombination, replication and repair 8 . Epigenomic diversity spans several timescales, ranging from short-term physiological processes, such as memory formation 9 and cell differentiation 10 , to long-term processes, such as aging 11 and evolutionary variation 12 . Epigenomic variation is also influenced by genetic, environmental, disease-associated and experimental perturbations.
The wide spectrum of biological processes involving epigenomic variation points to an opportunity for discovery by comparative epigenome analysis. Comparative analysis has been successfully applied to genomic DNA sequences and to perturbations of gene expression patterns 13 . As the sampling of epigenomic diversity improves, comparative analyses of epigenomes will provide increasing opportunities for discovery by identifying, at ever finer levels of detail, epigenomic changes that correlate with each other and with biologically significant variables. Here I describe two applications of comparative analysis of epigenomes and then consider the relevant computational and cyberinfrastructure challenges.
Comparing epigenomes to map cellular differentiation
Waddington's epigenetic landscape concept 14, 15 suggests a bifurcating branching pattern of cellular differentiation. The now iconic picture of the landscape is a visual representation of cellular differentiation along specific trajectories in the abstract multi-dimensional space of molecular states within a cell. This totality of molecular states includes what we now refer to as the epigenome. Epigenomes from several related cell types might provide sufficient information to infer the bifurcating branching patterns of the epigenetic landscape.
Studies of differentiation mediated by the Polycomb-Trithorax system suggest that this will be possible. In embryonic stem cells, Polycomb-Trithorax regulates genes containing CpG islands in their promoters. Such genes reside in a 'bivalent' or 'poised' state, defined by the presence of both trimethylated lysine 4 on histone H3, an epigenetic mark associated with active genes, and trimethylated lysine 27 on histone H3 (H3K27me3), a mark associated with inactive genes 4, 16 . Genes marked with this chromatin state may be activated or inactivated upon differentiation. A recent study 17 has identified extensive patterns of H3K27me3 shared by two pancreatic cell types, beta cells and acinar cells, which is consistent with their common developmental history. Specifically this study found that the epigenomes of beta cells contain H3K27me3 marks characteristic of the endodermal lineage of the pancreatic cells, whereas the gene expression signature of beta cells largely resembles those of ectodermderived neural tissues. Additional results suggest that the neural expression program of beta cells is activated during late pancreatic cell differentiation by a small number of transcriptional regulators. This case shows that epigenomes provide information about cell lineages that may not be available at the level of gene expression.
One method to reconstruct the presumably bifurcating patterns of differentiation is the cladistic method 18 , which has been used to recover evolutionary branching patterns of speciation. Unlike purely numerical methods that use the totality of measurements of a single type, the cladistic method focuses on select evidence ('characters') from a diversity of sources relevant for the reconstruction of a tree pattern 19 .
c o M M e n ta r y evidence that the effects of copy-number variants on the epigenome may be widespread. The study reports that the effects of copy-number variation on gene expression are not limited to the genes within copy-altered loci, as had commonly been assumed. In fact, most of the affected genes reside far from the structural change, leading the authors to hypothesize that the effects of structural variants may be mediated by local changes in chromatin structure. Epigenome comparisons are likely to be useful in testing this hypothesis.
Computational and engineering challenges ahead
Comparing epigenomes to each other and to other types of data is challenging because the resolution of epigenomic signals is assay dependent and may not match the resolution of the other data sets. For example, assays of DNA methylation based on bisulfite sequencing yield data at nucleotide resolution, whereas MeDIP assays offer hundred-base-pair resolution 7 .
There are a number of different solutions to this problem. One is to average signals over fixed-size 'windows' across the genome or over features such as exons, introns or enhancer elements. An alternative is to parse epigenomic signals into discrete peaks. This is suitable for punctate peaks, such as trimethylation of lysine 4 on histone H3, but not for the broad peaks associated with many other signals, such as trimethylation of lysine 36 on histone H3. There will probably be numerous ways in which the genome-wide signals are transformed into numerical data for epigenome comparison, with each transformation being appropriate for specific purposes.
Epigenomes may be compared by searching for similarity or by detecting differences. Searches for similarity among epigenomes may borrow from methods developed for wholegenome comparison. In particular, comparing epigenomes may require a combination of global and local 'alignment' methods. Unlike genomic sequence, however, which provides a convenient concept of 'locality' in the one-dimensional base-pair coordinate system, comparing epigenomes may require sets of noncontiguous loci to be analyzed together to accommodate our knowledge of the three-dimensional organization of chromosomes in the nucleus or our knowledge of thousands of loci spread throughout the genome that are co-regulated by master regulators of development. Such sets may be created by grouping genomic regions containing binding sites of specific master regulators, genes related to a particular differentiation pathway or gene elements such as promoters.
Interpreting specific differences between two epigenomes will depend on our understanding mutation acts in trans, in that mutation at a single locus alters genome-wide patterns of epigenome maintenance. Alternatively, genetic variants may act in cis to alter local patterns of epigenomic marks, as shown, for example, by a recent high-resolution genome-wide comparison of DNA methylation and single-nucleotide polymorphisms (SNPs) in humans 21 . This study found that allele-specific skewing of methylation levels occurs at >35,000 sites across the genome, suggesting that sequence variants have pervasive effects on the epigenome. Moreover, genetic mutations are known to affect local epigenetic marks in diseases such as fragile X and facioscapulohumeral muscular dystrophy. The frequency with which sequence variants cause phenotypically significant changes in the epigenome is an open question. A plan has been proposed 22 to use patterns of allelespecific epigenomic marks to identify SNPs of functional significance within critical regions detected by genome-wide association studies.
Epigenome comparisons may also help identify functional consequences of structural variants. Cahan et al. 23 recently provided indirect By focusing on the bifurcating tree as the underlying structure, the cladistic method succeeded in integrating evidence from paleontological and molecular data 18 . By analogy, in case of cell differentiation, the method holds promise for integrating data obtained by direct measurements on partially differentiated cell types and from reconstructions based on fully differentiated ones.
Comparing epigenomes to understand genetic variation
A comparison of two epigenomes may reveal differences that are due to the variation in the underlying genomic sequence. This may be accomplished by identifying differences between the epigenomes that coincide with changes in genomic sequences in the same locus.
The effects of genetic variation on the epigenome are just beginning to be comprehended 20 , with the exception of a few relatively well-understood genomic loci where variants cause human diseases. In some cases, such as in Rett syndrome, where the methyl-CpGbinding protein MeCP2 is mutated, genetic differences will be open to context-dependent reinterpretation as more data accumulate. The comparative interpretation of epigenomic signals will also pose several technical and engineering challenges that are often grouped under the term 'cyberinfrastructure' . These challenges include the standards, resources and tools for computer-aided discovery, data sharing and Gradual accumulation of data will solve this problem but probably not in a definitive way, because variation is not only locus-dependent but may be also highly context dependent. For example, variation during development in one cell lineage may have different meaning than variation in a different lineage or variation due to aging. Consequently, observed epigenomic of the background variation in the signal. In analogy to DNA sequence comparisons, we need to understand which epigenomic marks are conserved at a specific locus and which are under looser constraint in the same locus. Of course, the immediate problem is that we currently do not have much knowledge about the conservation of epigenomic marks across genomic loci. Data level 0 refers to DNA sequence reads, typically in short read format (SRF) or fastq format.
Data level 1 refers to reads mapped to a reference assembly, typically in sequence alignment/map (SAM), binary equivalent of SAM (BAM) or browser-extensible data (BED) formats. Level 1 data can be used to identify both genomic and epigenomic variation. These data also include the unmapped (repetitive) fraction of reads.
Data level 2 refers to 'raw epigenomic signal' such as read density plots, CpG methylation counts 28 or other statistics, frequently in the bigWig UCSC Genome Browser format 29 .
Data level 3 refers to typically discrete data such as chromatin immunoprecipitation with sequencing (ChIP-seq) peak calls or hidden Markov model segmentations segmentations of the genome into chromatin states. These data are obtained by analyzing individual or multiple marks from a single sample. Depending on data volume, they are stored either in high-density or in simple tab-delimited (GFF, LFF) formats.
Data level 4 refers to results of epigenome comparisons. Syntax and semantics for this data level are still under development.
Syntax
Data formats to meet the often conflicting requirements of storage efficiency for high-volume data (big-Wig), simplicity (tab-delimited) and machine readability (JavaScript Object Notation, or JSON; Extensible Markup Language, or XML).
Semantics
Theory of meaning. This term is commonly used in connection with controlled vocabularies and ontologies, such as the widely used Gene Ontologies and other ontologies produced by the Open Biomedical Ontologies Foundry and other projects. 
Metadata
Data about data, a key requirement for data reuse. Various minimal standards have been recommended by groups such as the Minimum Information for Biological and Biomedical Investigations project. In coordination with the European Bioinformatics Institute and the DNA Database of Japan, and guided by feedback from the NIH Epigenomics Roadmap initiative and other users, NCBI has now developed version 1.2 of a Sequence Read Archive (SRA)-XML metadata format for assays with sequencing readouts. Shared metadata formats will be essential for successful coordination of international epigenome projects.
Tool integration Pipeline
A set of analysis tools that are invoked sequentially to perform a data analysis task. Galaxy 30 is a software suite with an interactive interface and an online service for pipeline design. One example is integration of the EpiGRAPH software for epigenome analysis using Galaxy 31 to identify epigenomic modifications that characterize highly polymorphic (SNP-rich) promoters.
Workflow
A formal, portable, programmatically executable description of a data analysis process. May be used as metadata to document and ensure reproducibility of data analysis. Projects developing workflow systems include Galaxy, GenePattern and Taverna.
Workbench
An environment for integration of data analysis and visualization tools and data sets (for example, CLC Genomics Workbench and Genboree Workbench).
Web services and programmatic interoperability
URI and URL
The address system of the Web, used to uniquely identify objects, such as web pages and epigenome maps, for access by web browsers and other computer programs via Hypertext Transfer Protocol (HTTP) and other protocols.
REST API
Representational State Transfer Application Programming Interface. A programming interface, typically implemented using HTTP, that is developed using a set of design principles to ensure efficient communication of computer programs over the web. Provides access to data and computing resources over the web using scripts written in a programming language such as Pearl, Python, Ruby or JavaScript.
Access to computing resources and services
Cloud computing Access to scalable, on-demand computing and storage services over the web.
Software as a service Access to software applications over the web, such as those for epigenomic data processing and comparison ( Fig. 1) . This is a key aspect of Web 2.0 (see below).
Collaboration and publication
Authentication protocol Protocol (for example, OpenID) allowing users or computer programs acting as their agents to be recognized by multiple web servers.
Web 2.0 Web hosting of collaborative processes such as grant review at the NIH or epigenomic data processing and comparison (Fig. 1) .
Databases, knowledge bases and archival repositories
Examples include NCBI Gene Expression Omnibus and SRA archives, Ensembl, UCSC Genome Browser and more specialized resources such as the human epigenome atlas (Fig. 1) .
a This abstraction captures commonalities and facilitates development of data formats and tools for a diversity of genomic and epigenomic assays. Examples in the table focus on assays with sequencing readouts.
C O M M E N TA R Y mapping of epigenomic perturbations should reveal consequences of genomic mutations and environmental influences on human development and disease. To achieve these goals, we must develop conceptual and computational approaches that address the heterogeneity and context dependence of epigenetic data. In addition, discovery would be aided by the building of a cyberinfrastructure that includes shared repositories and knowledge bases able to accommodate the unprecedented volume of data and diversity of applications.
